Abstract

The determinants of bank failure along with failure prediction have been much
researched. Most of this research uses a binary approach, dividing banks into two
groups—those that fail and those that do not—or predicting one of two states—failure or
non-failure. However, failure is but one possible outcome. The three alternative

outcomes include recovery, acquisition, or remaining a problem.

To start this paper, we study only banks that are financially distressed—those that
received a poor safety and soundness rating when examined. Then we use univariate
trend analysis to determine whether financial variables differ among this group of banks,
depending on which future states the banks experience. This analysis suggests that
meaningful relationships exist between these future states and prior period financial
conditions. We then use financial ratios as explanatory variables in a unified model of

bank states with the goal of improving predictions of future bank condition.

We gauge the model’s effectiveness by testing the out-of-sample forecasting accuracy.
Our results show that our model compares favorably with the standard bivariate failure
prediction model and, yet, has the added feature of predicting recovery, merger or
remaining a problem bank. Knowing these four predicted states is arguably more helpful
to a deposit insurer than two-state failure forecasts: First, the FDIC’s long-term strategic
planning requires knowing the likely direction of all problem banks; and second, bank-
regulatory policy often focuses on whether policy can affect the likelihood that troubled

banks can successfully resolve their own problems.



1. Introduction

The determinants of bank failure along with failure prediction have been much
researched. Most of this research uses a binary approach, dividing banks into two
groups—those that fail and those that do not—or predicting one of two states—failure or
non-failure. However, failure is but one possible outcome for financially distressed
banks. We see three alternatives to bank failure: recovery, acquisition or remaining a

problem.

Recognizing these three alternatives, we develop a multi-state prediction model
for recovery, merger, remaining a problem, and failure. We use a sample of financially
distressed commercial banks from 1990 through 2002—that received a composite
CAMELS rating of either 4 or 5 when examined.! Knowing the future state of banks in
our sample, we construct financial profiles for each group. These profiles are then used
to develop a multinomial logit estimating procedure that predicts the likelihood of a

bank’s future state: recovery, acquisition, remaining a problem, or failure.

Our research differs from previous research on bank failure in two ways. First,
we study troubled banks only. and predict outcomes for this group. Second, we develop
a multistate model that identifies financial characteristics that contribute to recovery as

well as failure.

! CAMELS is an acronym for the five components of the regulatory rating system: Capital adequacy ,
Asset quality, Management, Earnings, Liquidity and market Sensitivity. Examiners have rated sensitivity
only since 1998. Banks with a rating of 4 or 5 are considered problem banks. Four-rated banks generally
exhibit unsafe or unsound practices or condition while 5-rated banks exhibit extremely unsafe or unsound
practices of condition.



Accurate predictions of the future state of problem banks are particularly
important for long-term strategic planning of the Federal Deposit Insurance
Corporation—the independent deposit insurance corporation created by the Congress in
1933 to maintain stability and public confidence in the nation’s banking system. When a
bank goes on the problem list, a number of actions transpire (see Curry, et al., 1999, for

an example of some such actions.)

Reasons that problem banks may not fail are:

1. Recovery because of a good economy:

A good economy allows banks with inefficiencies and problems to survive. DeYoung
(1999) notes that established banks are more prone to failure during recessionary periods,
and almost completely unlikely to fail during expansionary periods. He cites the large
number of bank failures from the mid-1980s through the early 1990s and their causes, a
series of substantial economic disruptions, including a general recession in the early
1990s and a number of regional recessions in the mid- to late 1980s. FDIC (1997) finds a
strong connection between participation in regional real estate booms during the 1980s
and bank failure. Total real estate loans of banks more than tripled, and commercial real
estate lending quadrupled, all with much looser bank underwriting standards. When the
bubble burst in the late 1980s, banks heavily exposed to real estate lending suffered a

significant deterioration in loan quality that eventually caused many banks to fail.

2. Recovery through capital injections:



When a bank is a subsidiary of a holding company, the parent has a vested interest in
keeping the subsidiary viable. French (1991) presents evidence that shows that banks
with increasingly weaker CAMELS ratings have increasingly larger capital injections.?
He notes that this correlation is intuitive since supervisors probably put greater pressure

on undercapitalized banks to seek outside capital.

3. Acquisition:
Piloff and Santomero (1998) point out that one traditional view for acquisitions is that
cost efficiency may be improved if the management of the acquirer is more skilled at
holding down expenses for any level of activity than that of the target. However, they
note that most studies fail to find a positive relationship between merger activity and
gains in performance. Wheelock and Wall (2000) find that cost inefficiency reduces the
probability of being acquired. Hannan and Rhoades (1987) and Hunter and Wall (1989)
note that the acquirer’s management may be better than the target’s and could turn
around the troubled bank. Ely and Song (2000) note that purchasing out-of-state banks
is another common way for banking organizations to expand into new markets before
the passage of the Riegle-Neal Interstate Banking and Branching Efficiency Act of
1994, which permitted banks and bank holding companies to purchase banks or establish

subsidiary banks in any state .

4. Remain a Problem:

2 Defined as the sum of capital stock transactions, capital contributions through mergers, and capital
transactions with the parent holding company.



A bank may languish. Curry, et al (1999) note that banks are in a retrenchment mode as
they approach the problem bank status; they reduce growth or shrink assets, generate new

equity capital, charge-off bad loans, and increase loan-loss provisions.

The following section of this study describes previous empirical studies of bank
failures, mergers and financial distress. Section three discusses our methodology; section

four our data and sample; section five our results; and section six concludes.

2. Empirical Studies

Research on determinants of bank failures and merger activity are numerous.
Also numerous are studies on early warning systems that alert regulators of potential

deterioration in banks’ financial condition since the last examination.®

Previous research differs from ours in two ways. First, statistical methods used in
this research include discriminant analysis, discrete-response regression techniques, or
proportional hazard techniques for two-state prediction models: failure or non-failure,
problem or non-problem, acquirer or target. We use multi-state logistic regression.
Second for predictions of future bank state, the sample used in previous research is failed
banks versus non-failed banks or problem banks versus non-problem banks. We use only

financially-distressed banks—those already a problem—as our sample.

® See Demirguc-Kunt, 1989, Jagtiani, et al., (2003), and King, et al., (forthcoming) for reviews of the
literature.



Most previous studies use bank financial ratios that are similar to those that bank
examiners review at on-site examinations: capital, asset quality, management, earnings
and liquidity. Sinkey (1975) uses multiple discriminant analysis to identify financial
characteristics that distinguish between problem and nonproblem banks.” Stuhr and Van
Wicklen (1974) also use multiple discriminant analysis to identify how financial
characteristics differ between banks rated high or low (during examinations) to develop a
scoring technique that provides a measure of the condition of each bank relative to other
banks. Korobow, Stuhr, and Martin (1976) develop early-warning indicators from
financial ratios and also a scoring technique to rank banks’ resistance to adverse
economic or financial developments. They use these indicators to divide banks into two

groups: banks vulnerable to potential financial deterioration versus banks not vulnerable.

Research on failure prediction includes Martin (1977); Bovenzi, Marino, and
McFadden (1983); Avery and Hanweck (1984); Barth, Brumbaugh, Sauerhaft (1985);
Short, et al. (1985); and Thomson (1991) who use two-state prediction models, usually
with a sample of failed banks and non-failed banks.? Kolari, et al. (2002) develop failure
prediction models using both logit and trait recognition, again a two-state model, again
using failed and non-failed banks. Jagtiani, et al. (2003) also develops a two-state
prediction model for bank failure, but the states predicted were capital adequacy versus

capital inadequacy—where the latter state represented capital levels that fall below a

" Sinkey defines a problem bank as one whose present or future solvency is in question, and therefore poses
a risk to the FDIC insurance fund.
8 Barth, et al. studied failed and non-failed thrifts.



minimum threshold. In a prior study in 2000, Estrella, Park, and Peristiani use three

types of capital ratios to predict bank failure. Again both studies use all banks.

Whalen (1991) adds to the binary state failure literature by using a proportional
hazard model to estimate the probability that a bank with a given set of characteristics
will survive longer than some specified length of time into the future. Fissel (1994) uses
a similar approach to estimate actuarially-fair insurance premiums based on econometric
estimates of expected time-to-failure. And DeYoung (1999) puts a twist on the approach
by estimating separate hazard functions for newly-charted banks and established banks to

predict time-to-failure.

Cole and Gunther (1998) use a probit model to estimate the relationship between
a set of financial ratios and the likelihood of bank failure to develop an early warning
system. Collier, et al. (2003) describe the FDIC’s major off-site monitoring tool that
supplements the current system of on-site examinations to identify institutions that have
experienced noticeable financial deterioration since the last examination. This tool also
uses financial ratios from previous literature on bank failures in its ordered logit
prediction model of CAMELS ratings. O’Keefe, et al. (2003) add bank loan underwriting
practices as an explanatory variable in predicting banks’ financial deterioration since the
last examination. In addition, O’Keefe, et al. use ordered logit to predict CAMELS

ratings.



As with much of the literature on bank failure, the literature for acquisitions and
mergers also uses binary state prediction models. Using mean difference and logit
regression models, Rose (1988) identifies significant differences between acquirers and
non-acquiring banks and acquired banks and non-acquired banks. O’Keefe (1996) uses
logit estimations in a study for similar purposes. Wheelock and Wilson (2000) model the
likelihood that a bank will fail, and then using the same variables, they model the
likelihood that a bank will be acquired. Again, each of these studies uses a binary state

model.

Two studies, one recent on bank failure and one less recent on mergers, deviated

from the studies above by employing multinomial logit estimation procedures to predict a
three-state outcome. Hannan and Rhoades (1987) predict that a bank may experience one
of three outcomes: (1) Not be acquired, (2) Be acquired by a firm operating within its
market, or (3) Be acquired by a firm operating outside its market. And DeYoung (2003)
estimates the long-run probability of failure and acquisition in de novo banks by defining
three states: (1) Failure, (2) Merger by acquisition and (3) Conversion of whole bank
affiliate of a bank holding company to a branch bank of that bank holding company.
Hannan and Rhoades find that adding the third state (distinguishing between merger
types) yielded a number of firm and market characteristics which significantly influenced
the likelihood of acquisitions that earlier studies did not. And DeYoung expects that
including the other two exit states (merger by acquisition and conversion) would improve

the accuracy of the failure estimates.



3. Methodology

Referencing previous studies, we select certain financial variables proven to be
useful in determining future bank states. We use univariate trend analysis to determine
whether banks that recover have different prior-period financial characteristics from

banks in one of three alternative states: mergers, remaining a problem, and failure.

Prior literature on bank performance suggests a number of reasons for failure:
low earnings, low liquidity, risky asset portfolios, and poor management, to name a few.
Thus, we select financial variables from the same broad categories used to explain or
predict binary bank states—capital adequacy, asset quality, management, earnings, and
liquidity. In addition, we run a one-way analysis of variance to examine the financial

characteristics of recovered banks versus banks in the remaining three states.

We use a multinomial logistic estimating procedure to model future bank state.
As Long (1997) points out, a multinomial logit model is the most frequently used model
for nominal outcomes.® This model simultaneously estimates binary logits for pairwise
comparisons among the outcome categories to a specified reference outcome. These
binary logits are recover relative to failure, merge relative to failure and still a problem

relative to failure.

° Dependent variable may take multiple outcomes that cannot be ordered. In our case: Recovery, Merge,
Still a problem, or Failure.



A general form of the model tested is shown in equation 1, where Probability of

State (k)i is the probability that bank i will be in state k at time t.

@ Probability of State (k)i = F(Financial condition; 1)

We also estimate the model annually using a multinomial ordered logit approach.
Clearly, a future state of failure is inferior to recovery, merger and remaining still a
problem. Additionally, a future state of recovery is superior to any other alternative.
Whether merger is superior to remaining a problem or vice versa is not, however, clear.
We assume that merger would be superior to remaining a problem simply because once
executed, a bank would no longer be financially distressed. Taking into account the
rankings of recovery and failure provides additional information that should improve the

estimation.

We gauge each model’s effectiveness by testing their out-of-sample forecasting
accuracy. Further, we also use bivariate bank failure models as a comparison to our
multinomial models. These additional comparisons allow us to test whether including
additional alternative states improves the accuracy of failure estimates over the binary

model.

Two versions of the bivariate failure model are tested, one using the same
explanatory variables as are used in Jarrow, et al. (2002), and a second that uses the same

variables as are used in our multistate model.



Two final tests are run. The first tests whether the banks with the highest predicted
probability of failure are the ones that actually fail. The second tests the economic

significance of the explanatory variables.

4, Data

Our data consist of 3,747 occurrences of BIF-insured banks on the FDIC
problem-bank list from 1990 through 2002. We divide this universe of problem banks
into annual cohorts to allow us to implicitly control for the effects of economic conditions
and banking legislation. Each bank has a first event and second event. The first event
occurs when a bank is examined and receives a CAMELS-rating of 4 or 5. The second
event occurs when the bank (1) recovers—improves to a CAMELS rating of 1, 2 or 3, (2)
merges with a bank either outside of its multibank holding company or consolidates
within its multi-bank holding company™, (3) remains a problem bank—continues to have
a CAMELS-rating of 4 or 5 at the next examination, or (4) fails.** Problem banks that
have no second event are not included in the analysis. To allow for enough time to pass
for changes in condition, second events are measured in the interval of 6 to 24 months

after first events.

1 We recognize that characteristics differ between mergers and consolidations. However, during this
period, the number of consolidations is small (39). Because of the small number, we combined both events
into one state.

2 In this paper, failure is defined as a closing resulting from an action by a regulator or an assisted merger by the
FDIC.
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A bank can be in several cohorts depending on when it first receives a CAMELS-rating
of 4 or 5 and its outcome at the second event. If the bank still exists after the second
event, its future state may be either recovered (if the CAMELS-rating improvestoa 1, 2,
or 3) or still a problem (if the CAMELS-rating remains a 4 or 5). When the bank goes
from the problem status to the recovered status, we count it as a recovery. If it does not
recover, we count it as still a problem. But the bank enters this new cohort (based on the
second event) as already a problem, and we must wait until the next event to determine

its future state for a second observation.

The results from the univariate trend analysis show the following characteristics
of problem banks. The number of problem banks declines drastically during the 1990s as
the banking crisis that began in the mid-1980s and lasted through the early 1990s
subsided. As Figure 1 shows, the 1991 cohort has the highest number of problem banks,
897; the 1997 cohort has the lowest number, 62. Both the 1990 and 1998 cohorts have
the highest percentage of failures, 5 percent. No problem banks fail before the second
event in the 1997 or 2002 cohorts. (See Figure 2.) Most banks remain a problem at the
second event, ranging from a high of 69 percent in the 1990 cohort to a low of 40 percent
in the 1997 cohort, with an average of 49 percent. The proportion of banks that merge by
the second event is small, ranging from 3 percent in the 1990 cohort to 20 percent in the
1998 cohort. The proportion that recovers by the second event ranges from a low of 23
percent in the 1990 cohort to a high of 53 percent in the 1997 cohort. Figure 3 shows that

most problem banks that remain a problem at the second event ultimately recover.*®

3 The decline in the percent of still a problem banks the ultimately recover beginning in 2001 is because
the second event has not yet occurred.
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Jones and Critchfield (forthcoming) note three reasons that might explain the
1997 and 1998 peak years noted above for merger activity and recoveries: (1) Banks
were highly profitable, liquid, and operating in favorable economic and interest-rate
environments, (2) The Riegle-Neal Interstate Banking and Branching Efficiency Act of
1994 removed the remaining barriers to interstate banking and branching, and (3) A
record-breaking bull market in stocks pushed market valuations of banks and thrifts to
unprecedented levels, encouraging many banking firms to use their stock as currency to

purchase other firms. The Nasdag Bank Stock Index reached a high in mid-1996.

In looking at capital injections as a percentage of average assets 12-months prior
to recovery, we found large increases in external injections for banks that recover peaking
in 1996. Internal capital injections increased sharply from 1994 to 1995 but did not peak

until 1999. (See Figure 4.)

We use data from the Consolidated Reports of Condition and Income (Call
Reports) that banks file quarterly with their lead supervisory agency. We calculate
beginning and ending periods of data for each bank from these Call Reports. The
beginning period is calculated from the Call Report filed just before the first event and
the one filed twelve months previously. Balance sheet items are averaged for the two
reporting periods and taken as a ratio of average assets for the same two periods; income
items are summed over the 12-month period and taken as a percent of average assets for

the two periods. Similar calculations are made for the ending period of data, using the
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Call Report filed immediately prior to the second event and the one filed twelve months

previously.

To compare the condition and performance of banks within each state, we first
group them into categories given their state at the second event. We then compare data
reported at the second event to that reported for the first. Then we compute the
percentage of banks with an increase between the two events for each of the measures.
We expect to see that the percentages of banks with increases in performance ratios such
as net income and net non-interest income that recover will be greater than the
percentages in any alternative state. For expense items, we expect the opposite. In
addition we expect that the percentages of banks with increases in any of the risky asset
measures, high liquidity measures, and bad management that recover will be less than the
percentages in any alternative state. We also expect that the percentages of banks that
fail will be the greatest in these four measures. We have no expectations for the ranking
of banks that merge or are still a problem except that the percentages that increase will

fall between the percentages for banks that recover and those that fail.

We compare the percentages of banks in each state with increases in: Net interest
income, provision for loan losses, and net non-interest income as measures of earnings;
average allowance for loan and lease losses, average loans and leases past due 30-89
days, average loans and leases past due 90 days or greater, average nonaccrual loans and
leases, and average other real estate owned as measures of risky asset portfolios; average

risk-based capital and average tangible equity capital as measures of capital adequacy;
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average volatile liabilities as a measure for liquidity; and for the management measure,
we use the efficiency ratio (noninterest expense as a percent of net interest income plus
noninterest income).

For the forecasts of future bank states, we select the same financial variables used
in the univariate trend analysis since the univariate analysis shows a clear pattern of
characteristics for each state.** From the univariate trend analysis we are able to form
expectations concerning the sign that coefficients on these variables will take when
estimated using logit analysis. A negative coefficient implies that a marginal increase in

the variable will result in the future state’s becoming less likely.

Table 1 shows the expected sign of explanatory variables used in the multistate
prediction model. As Table 1 shows, the “good” financial ratios (or ones associated with
not failing) are: capital, capital injections, allowance for loan losses, efficiency ratio,
interest income, and non-interest income. The “bad” financial ratios (those associated
with failure) are those measuring poor asset quality (past due loans, non-accruing loans,
real estate owned and loan charge-offs), expense items (interest expense, loss provision,
salaries, expenses on premises, and other non interest expense), and volatile liquidity as

measured by volatile liabilities.™

5. Results

Y For the logits we used the total income and expense items instead of netting them as we did in the
univariate analysis.

15 Federal funds purchased and sold under agreements to repurchase, demand notes issued to the U.S.
Treasury and other borrowed money, time deposits over $100,000 held in domestic offices, foreign office
deposits, trading liabilities less trading liabilities revaluation losses on interest rate, foreign exchange rate,
and other commodity and equity contracts.
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Our empirical results are generally in agreement with prior expectations. We find
that increases in “good” or beneficial financial ratios are associated with migration to
“better” bank states. Similarly, increases in “bad” or detrimental financial ratios is

associated with migration to “worse bank states.

5.1 Univariate Trend Analysis

The results from the univariate trend analysis are as expected. The percentages of
banks with increases in “good” financial ratios are most often larger for banks in better
future states and smaller for banks in worse future states . The opposite is true for banks

with increases in “bad” financial ratios.

For all three earnings measures, the relative position of banks that recover is the
best; the position of banks that fail is the worst for two of the three. As shown in Figure
5, 62 percent of banks that recover (825 banks) have an increase in net interest income
between the first and second events, compared with 28 percent of banks that fail (33
banks). The percentages for banks that merge or are still a problem is also greater than
the percentage for those that fail, but less than that for those that recover. Figures 6 and 7
show that a smaller percentage of banks that recover have an increase in expenses
between the two events: Twenty-eight percent of banks that recover (372 banks)
experience an increase in provision for loan losses at the second event, compared with 46
percent of banks that fail (53 banks). The percentages for banks that merge or are still a
problem is less than the percentage for those that fail but greater than that for banks that

recover. And, a larger percentage of banks that recover have an increase in net non-
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interest income between the two events: Fifty-two percent of banks (689 banks) that
recover experience an increase in net non-interest income compared with 32 percent of

banks that fail (37 banks).

Our results agree with our expectations for all five assets quality measures. The
relative position of banks that recover is the best; the position for those that fail is the
worst. A smaller percentage of banks that recover experience increases in loan loss
reserves, average loans and leases past due 30-89 days, average loans and leases past due
90 days or greater, average nonaccrual loans and leases, and average other real estate
owned between the first and second events than banks that merge, remain a problem or
fail. As shown in Figure 8, 50 percent of banks that recover (667 banks) experience an
increase in loan loss reserves, compared with 72 percent of banks that fail (84 banks).
The percentages for banks that merge or remain a problem are less than the percentage
for those that fail but greater than that for banks that recover. Figure 9 shows that 36
percent of banks that recover (476 banks) experience an increase in average loans and
leases past due 30-89 days, compared with 56 percent of banks that fail (65 banks).
Forty-one percent of banks that recover (543 banks) experience an increase in average
loans and leases past due 90 days or greater, compared with 56 percent of banks that fail
(65 banks), as shown in Figure 10. Figure 11 shows that 38 percent of banks that recover
(509 banks) experience an increase in nonaccrual loans and leases, compared with 61
percent of banks that fail (71 banks). Forty-four percent of banks that recover (585
banks) experience an increase in other real estate owned, compared with 76 percent of

banks that fail (88 banks), as shown in Figure 12.
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In line with our expectations, a larger percentage of banks that recover experience
increases in average risk-based capital and average tangible equity capital between the
first and second events than any alternative state. The smallest percentage of banks
experiencing increases are those that fail. Figure 13 shows that 72 percent of banks that
recover (952 banks) experience an increase in average risk-based capital, compared with
14 percent of banks that fail (16 banks). And Figure 14 shows that 70 percent of banks
that recover (926 banks) experience an increase in average tangible equity capital,

compared with 13 percent of banks that fail (15 banks).

In its 1988 study of bank failures, the Office of the Comptroller of the Currency
lists over-reliance on volatile liabilities as one of the root causes of failure. Further,
O’Keefe, et al. (2003) find that the percent of volatile liabilities to average assets is
positively related to a CAMELS downgrade. We find, however, that banks that fail have
the smallest percentage of banks with an increase in volatile liabilities between the first
and second events. This result could be because management has reduced brokered
deposits as required by more recent legislation. (The Federal Deposit Insurance
Corporation Improvement Act of 1991 restricts activities of critically undercapitalized
institutions. One such restriction is these institutions cannot pay an exceptionally large

amount of interest on new or renewed liabilities.)
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Twenty-six percent of banks that recover (351 banks) experience an increase in
volatile liabilities compared with only 19 percent of banks that fail (22 banks), as shown

in Figure 15.

A larger percentage of recovering banks experience improvements in the
efficiency ratio between the first and second events than banks that merge, remain a
problem or fail. Forty percent of banks that recover (832 banks) experience an increase
in the efficiency ratio compared with 22 percent of banks that fail (25 banks), as shown in

Figure 16.

5.2 Analysis of Variance

Tables 2 and 3 show results from the analysis of variance that complement the
above results. Table 2 shows the mean and standard errors for each financial
characteristic for each of the four states. Table 3 shows the mean differences and
statistical significances for six pairings: (1) recovery versus merger, (2) recovery versus
still a problem, (3) recovery versus failure, (4) still a problem versus merger, (5) still a
problem versus failure, and (6) merger versus failure. The beginning period data are used

in these tables.

The results reported in Table 2 show that the mean values in each of the four
states for each financial variable are statistically different from zero at the first event.
Further, it shows that the mean values in “good” financial ratios are most often larger for
banks in better future states and smaller for banks in worse future states. The opposite is

true for the mean values in “bad” financial ratios; that is, the mean values in “bad”
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financial ratios are often largest for banks in worse future states than for banks in better

future states.

The results reported in Table 3 show that except for two variables (capital
injections from the bank holding company and capital injections from outside), the mean
difference between banks that recover and those that fail are significantly different from
one another, and that the position of banks that fail is usually the worst.*® The mean
difference between banks that merge and those that fail are also significant for most
variables (and the position of banks that fail is usually the worst). And, the mean
difference in means between banks that are still a problem and banks that fail shows the

same trends.

The results from Table 3 also indicate that there are statistically significant
differences between banks that remain a problem and banks that merge and also in the
pairing between recovery versus still a problem. For the pairing of still a problem versus
merger, only eight variables are statistically different from one another. And for the
pairing of recovery versus merger, nine variables are statistically different from one

another.

Also apparent from the results reported in Table 3 is that the position for banks
that remain a problem is usually in the second-worst position after those that fail. Banks

that merge and those that recover are usually in the better positions.

18 The exception is that for total interest income, the position of banks that fails is the best. However,
when netted against total interest expense in the univariate analysis, the position of banks that fail is the
worst.
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5.3  Logit Analysis

For our multivariate analysis, we rely on a multinomial unordered logit
probability model that takes into account all four future bank states. In addition, we
estimated probabilities using a multinomial ordered logit model. The univariate analysis
led us to fix the ordering with recovery as the best state, followed by merger, still a

problem and failure.

We did not include variables for economic condition in our model for two
reasons: (1) Dividing the sample into cohorts obviates the need to include national
economic variables and (2) Nuxoll, et al. (2003) did not find that state-local economic

data contributed to the performance of standard offsite models.

A stepwise logit estimation procedure is used in both the ordered and unordered
logits to identify those terms that have a significant relationship in predicting the
likelihood that a bank will end up in one of the states: recover, merge, still a problem or
failure. The stepwise estimation procedure allows us to include several measure of the
same attribute in the logit model yet isolates the most important factors in terms of

predicting state.

Table 4 shows summary statistics for the variables used in the logistic regressions.

The beginning period data, as explained in Section 4, are used in this table.

20



These statistics complement the results from the univariate analysis and those
shown in Tables 2 and 3. The mean for banks that recover is generally higher than for
banks in any of the alternative states for the “good” financial ratios; the mean for banks
that fail is always the lowest, with the means for banks that merge or remaining a
problem in between. (A lower efficiency ratio is associated with moving into a better
state. For this ratio, the mean for banks that recover is the lowest; for banks that fail, it is
the highest.) For the “bad” financial ratios, the means for banks that recover are

generally the lowest.

We estimate the logits for each of our cohorts, 1990 through 2002. However,
because of the small number of failures, beginning with the 1994 logit, we combine
cohorts. The 1994 model is a combination of the 1993 and 1994 cohorts and the 1995
model combines 1993 through 1995. We continue combining cohorts up to 5 years (the
1993 through 1997 cohorts for the 1997 logit). For the 1998 models through 2002 we use

a panel of the most recent previous 5 years.

Tables 5 through 7 show the results. The reference state is failure so the
coefficients are interpreted relative to failure. Asset quality variables, loan-loss
provisioning, and capital are more often statistically significant at the 1 percent, 5 percent
or 10 percent level than other variables. Further they have the right signs (as expected
from Table 1). Remember that a negative coefficient means that an increase in a variable
will result in the future state becoming less likely. For example, in the 1990 model, loans

past due 30 to 89 days is significant and has a negative sign for all three states versus
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failure. An increase in this variable will result in a future state of recovery, merger or

still a problem becoming less likely relative to failure.

Table 8 shows the results of the ordered logistic regression specified in equation
(2) above. As noted above, the lower-ordered states are recover and merge; the higher-
ordered: still a problem and fail. A positive coefficient implies the ratio enhances
moving into lower-ordered (recover, merge) states and a negative one implies the
opposite (moving into a higher-ordered [still a problem, fail] state). Generally speaking,

all results are in agreement with our prior expectations.

Increases in tangible equity capital, capital injections, and performance ratios such
as total income and total non-interest income increase the probability of moving into

lower-ordered states.

Increases in risky assets such as loans past due 30 to 89 days, loans past due 90
days, non-accrual loans, and other real estate owned decrease the probability of moving
into a better future state. And increases in expense items (which decrease earnings) such
as total interest expense, expenses on premises, salaries, other non-interest expense, and
loan-loss provision decrease the probability of moving into a better future state. The
negative and significant signs associated with volatile liabilities is also in line with our

expectations.

5.4  Prediction of State: Out-of-Sample Results
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Whether the logit model is accurate in predicting out-of-sample forecasts is the
true measure of its contribution. To test its accuracy, we forecast future bank states using
prior-period estimations from our unordered logit model on the following year’s cohort.
All state predictions are determined by summing predicted state probabilities for the

cohort, yielding the expected number of banks in each future state.

We then compare results from the ordered logits with the results from the
unordered logit regression. Figures 17 through 20 show the results. (Figure 20 also
shows the results from the binary comparison discussed below.) The overall accuracy of

the forecasts are excellent.

We use a standard bivariate bank failure model to compare binary forecasts
against our multi-state model. The bivariate model tested uses our multistate explanatory
variables. Figure 20 shows very little difference in accuracy between the binary and

unordered 4-state logit.

The second comparison is shown in Figure 21. Jarrow, et al. (2003) use variables
found in conventional bank failure literature to predict bank failure within the second
quarter after the Call Report is filed (also known as the Loss Distribution Model—LDM).
The sample includes all banks and thrifts between December 1984 and December 2002.

Instead, we run this the model on all problem banks at year-end to predict the number of
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failures.'” We then run our unordered logit on the same set of banks to predict failures.
Because a Call Report for any given cohort can extend up to 24 months beyond the year
of the cohort, we use the predicted betas from one cohort to predict outcomes for troubled
banks two years ahead. The Jarrow bivariate model, however only requires a one-year
prediction horizon so one would expect an advantage for the bivariate model. As Figure
21 shows, the two models are comparable. The advantage to ours is that we can not only
predict problem bank failure, but also recoveries, mergers and banks’ remaining a

problem.

5.5  Probabilities and economic significance

To test whether the banks with the highest probability of failure are the ones that
actually fail, we rank banks that our model predicts to fail in each period by their
probability of failure. We, then divide them into deciles to determine that the highest
decile contains the largest number of banks that actually failed. Thirty-eight of the 65
failed banks in our cohorts from 1991 through 2002 were in the tenth decile.®* An

additional 8 banks were in the ninth decile.

To test the economic significance of the explanatory variables, we use a fairly

standard approach—evaluating in-sample predicted state probabilities based on the mean

7 Two variables of the binary model, examination interval and CAMEL ratings, were not used since our
sample was troubled banks only.

'8 For the ordered model, 36 of the 65 failed banks were in the tenth decile, and 39 of 65 were in the tenth
decile for the bivariate model. Further a Pearson test of correlation between the unordered and bivariate
models ranked all banks very closely (correlation of 92 percent). However, the correlation between the
ordered and bivariate models differed in ranking more so (correlation 51 percent).

24



values of explanatory variables and how they change with marginal changes in key

explanatory variables.

Our basis for comparisons is the predicted in-sample state probabilities for 1990
based on the mean values for explanatory variables in 1990. The means for the sample of

banks used in model estimation for 1990 are shown in Table 9.

The predicted state probabilities evaluated at the mean for banks in the 1990
cohort are 16.41 percent for recover, 1.82 percent for merger, 80.82 percent for still a
problem, and 0.95 percent for failure. Both other real estate owned and tangible equity
capital were statistically significant in 1990. Table 10 shows the effects on estimated
state probabilities, ceteris paribus, should each of these ratios experience a one-
percentage point increase (from 2.6808 percent to 3.6808 percent of bank assets for the
former and from 5.3409 percent to 6.3409 percent of bank assets for the latter). When
evaluated at the mean, we see that a one-percentage point increase in other real estate
owned decreases the probability of recovery by 3 percent, from 16.41 percent to 13.45
percent. Conversely, a one-percentage point increase in tangible equity capital increases
the probability of recovery by 1.67 percent, from 16.41 percent to 18.08 percent.
Interestingly, estimated merger probabilities are relatively unchanged in these cases, but
there are compensating changes in the remaining state probabilities (since multinomial

logit ensures estimated state probabilities sum to 100 percent).

6. Conclusions
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We offer a different approach to previous failure prediction models. First, we
recognize three possible future states that could be modeled as alternatives to bank
failure: recovery, merging and remaining a problem. Most previous research uses a
binary approach. Second, we focus on predicting outcomes for troubled banks only;

other literature focuses on the universe of banks or thrifts.

Our results show that not only does our model compare favorably with the
standard bivariate failure prediction model, it also gives banks that eventually will fail,
the highest probability of failure. Further, the explanatory variables are economically

significant.

Knowing these four predicted states is arguably more helpful to a deposit insurer
than two-state failure forecasts: First, the FDIC’s long-term strategic planning requires
knowing the likely direction of all problem banks; and second, bank-regulatory policy
often focuses on whether policy can affect the likelihood that troubled banks can

successfully resolve their own problems.

This second point leads to possible future research: Can this model be used to

determine whether certain policies helped or hurt the probability of recovery?
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Figure 1

Number of Banks by Cohort
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Figure 5

Net Income Increases
(12 months before downgrade versus 12 months before second event)
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Figure 6

Loss Provision Increases
(12 months before downgrade versus 12 months before second event)
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Figure 7

Net Non-Interest Income Increases
(12 months before downgrade versus 12 months before second event)
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Figure 8

Loan Loss Reserve Increases
(12 months before downgrade versus 12 months before second event)
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Figure 9

30-89 Days Past Due Loan Increases
(12 months before downgrade versus 12 months before second event)
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Figure 10

90 Days or More Past Due Loan Increases
(12 months before downgrade versus 12 months before second event)

Percent of
Banks
100% A
80% -
60% - 56%
47% 46%
41%
40% -
20% A
0% T T T
FAILURE STILL APROBLEM MERGER RECOVERED
Figure 11

Non-accrual Loan Increases
(12 months before downgrade versus 12 months before second event)
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Figure 12

Other Real Estate Owned Increases
(12 months before downgrade versus 12 months before second event)
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Figure 13

Risk-Based Capital Increases
(12 months before downgrade versus 12 months before second event)
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Figure 14

Tangible Capital Increases
(12 months before downgrade versus 12 months before second event)
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Figure 15
Percentage of Problem Banks with an Increase

In Volatile Liabilities, by State
(12 months before downgrade versus 12 months before second event)
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Figure 16
Percentage of Problem Banks with an

Improvement in the Efficiency Ratio, by State
(12 months before downgrade versus 12 months before second event)
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Figure 17

Recovery
(One-year Ahead Forecasts versus Actual)
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Figure 18
Acquired
(One-year Ahead Forecasts versus Actual)
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Figure 19

Still a Problem
(One-year Ahead Forecasts versus Actual)
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Figure 20

Comparative Forecasts vs. Actual
(One-year Ahead Forecasts versus Actual)
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Figure 21
Failed Problem Banks: Total Problem-Bank List at Year End
Out-of Sample Forecasts
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Table 1
Explanatory Variables and Expected Signs for
Predicting “Good” versus “Bad” States

Variable | Sign

Capital
Tangible Equity Capital +
Capital Injections:
From BHC +
Outside +

Asset Quality
Past Due Loans (30-89 days) -

Past Due Loans (90+ days) -
Non-accruing Loans -
Other Real Estate Owned -

Allowance for Loan Loss +

Management

Efficiency Ratio +
Earnings

Interest Income +
Non-interest income +

Interest Expense -
Loss Provision -
Loan Charge-offs -
Salaries -
Exp. Premises -
Other non-int. exp. -

Liquidity
Volatile Liabilities -
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Mean and Standard Errors for Financial Variables, by State

Table 2

(Standard Errors in parentheses)

Number of Banks

Capital
Tangible Equity Capital

Capital Injections:

From BHC

Outside

Asset Quality
Past Due Loans (30 - 89 days)

Past Due Loans (90+ days)

Nonaccrual Loans and Leases

Other Real Estate Owned

Allowance for Loan Loss

Management
Efficiency Ratio

Recover
1,326

6.68 ***
(0.08)

0.19 ***
(0.02)

0.36 **
(0.04)
1 88 *kk

(0.04)

059 *k%k
(0.04)

2.17 **
(0.06)

2.00 ***
(0.07)

1 . 69 *kk
(0.03)

88.32 **
(0.67)

46

Merge
228

6.57 **
(0.20)

041 *kk
(0.06)

029 *%k%k
(0.09)
2.12

(0.10)

0.65 **
(0.09)

2.56 **
(0.14)

1.88 ***
(0.17)

1.97
(0.07)

94.15 **
(1.62)

Still a
Problem
2,077

639 *kk
(0.07)

0.20 ***
(0.02)

0.29 ***
(0.03)
2.43

(0.03)

0.92 **
(0.03)

2.64 *kk
(0.05)

2.60 **
(0.06)

1.72 **
(0.02)

94.43
(0.54)

Fail
116

390 *kk
(0.29)

0.14 *
(0.08)

042 *%k%
(0.13)
3.08 *

(0.14)

1.17 *
(0.13)

3.82 *%%
(0.20)

3.19
(0.23) ***

2,11
(0.10)

115.77 ***
(2.28)



Table 2 (Continued)
Mean and Standard Errors for Financial Variables, by State
(Standard Errors in parentheses)

Still a
Recover Merge Problem
Number of Banks 1,326 228 2,077
Earnings

Total Interest Income 8.80 *** 8.99 *** 9.59 ***
(0.09) (0.21) (0.07)

Total Non-interest income 1.41 *** 1.44 *** 1.45 #***
(0.06) (0.15) (0.05)

Total Interest Expense 4.47 *** 4.51 *** 5.27 ***
(0.06) (0.14) (0.05)

Loan-Loss Provision 1.35 *** 2.23 *** 1.81 ***
(0.07) (0.16) (0.05)

Loan Charge-offs 1.46 *** 1.78 *** 1.80 ***
(0.05) (0.12) (0.04)

Expenses on Premises 0.68 *** 0.75 *** 0.77 ***
(0.01) (0.03) (0.01)

Salaries 2.06 *** 2.08 *** 2.18 ***
(0.03) (0.08) (0.03)

Other non-int. exp 2.23 xx* 2.54 x** 2.43 ***
(0.05) (0.11) (0.04)

Liquidity

Volatile Liabilities 13.26 *** 13.62 *** 14.96 ***

(0.27) (0.65) (0.22)

* Indicates significantly different from 0 at 10% level
** Indicates significantly different from 0 at 5% level
*** Indicates significantly different from 0 at 1% level
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Fail
116

10.58
(0.29)

1.98
(0.21)

6.51
(0.20)

3.21
(0.22)

2.86
(0.17)

0.96
(0.04)

2.56
(0.11)

3.29
(0.16)

15.04
(0.91)



Capital
Tangible Equity Capital

Capital Injections:

From BHC

Outside

Asset Quality
Past Due Loans (30 - 89 days)

Past Due Loans (90+ days)

Nonaccrual Loans and Leases

Other Real Estate Owned

Allowance for Loan Loss

Management
Efficiency Ratio

Table 3
Differences in Means and Standard Errors
of Financial Variables for Selected Pairs
(Standard Errors in parentheses)

Recover - Merger - Still a
Recover - Still a Recover - Still a Problem - Merger -
Merger Problem Failure Problem Failure Failure
0.10 0.29 ** 2.78 *=x 0.19 2.49 2.68 **
(0.22) (0.12) (0.30) 0.22) (0.29) (0.35)
(0.22) *** (0.01) 0.04 0.21 ** 0.05 0.26 **
(0.06) (0.03) (0.08) (0.06) (0.08) (0.10)
0.07 0.08 (0.06) 0.00 (0.14) 0.13)
(0.10) (0.05) (0.13) (0.10) (0.13) (0.16)
(0.24) ** (0.55) *** (1.20) *** (0.31) ** (0.65) *** (0.96) **
(0.11) (0.05) (0.15) (0.11) (0.15) (0.18)
(0.06) (0.33) *** (0.58) *** (0.27) ** (0.25) * (0.52) **
(0.10) (0.05) (0.13) (0.10) (0.13) (0.16)
(0.39) ** (0.47) *** (1.65) *** (0.09) (1.18) ** (1.27) »*
(0.15) (0.07) (0.20) (0.15) (0.20) (0.24)
0.12 (0.59) ** (1.19) ** (0.72) *** (0.59) ** (1.31) **
(0.18) (0.09) (0.24) (0.18) (0.24) (0.29)
(0.29) *** (0.04) (0.42) *** 0.25 ** (0.38) *** (0.13)
(0.08) (0.04) (0.11) (0.08) (0.11) (0.13)
(5.83) ** (6.10) ** (27.44) *= (0.28) (21.34) * (21.62) **
(1.76) (0.86) (2.37) (1.71) (2.34) (2.79)
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Earnings
Total Interest Income

Total Non-interest income

Total Interest Expense

Loan-Loss Provision

Loan Charge-offs

Expenses on Premises

Salaries

Other non-int. exp

Liguidity
Volatile Liabilities

* Indicates mean differences are significantly different at 10% level
** Indicates mean differences are significantly different at 5% level
*** Indicates mean differences are significantly different at 1% level

Table 3 (Continued)

Differences in Means and Standard Errors
of Financial Variables for Selected Pairs

(Standard Errors in parentheses)

Recover -
Merger

(0.19)
(0.22)

(0.03)
(0.17)

(0.03)
(0.15)

(0.88) ***
(0.17)

(0.32) *
(0.13)

(0.07) *
(0.03)

(0.03)
(0.08)

(0.30) **
(0.12)

(0.36)
(0.70)

Recover -
Still a
Problem

(0.79) **
(0.11)

(0.04)
(0.08)

(0.79) **
(0.07)

(0.46) ***
(0.08)

(0.33) ***
(0.07)

(0.09) ***
(0.02)

(0.12) **
(0.04)

(0.20) ***
(0.06)

(1.70) **
(0.35)
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Recover -
Failure

(1.78) #**
(0.30)

(0.57) **
(0.22)

(2.03) *
(0.21)

(1.85) **
(0.23)

(1.39) ***
(0.18)

(0.28) ***
(0.04)

(0.50) **
(0.11)

(106) k.
(0.16)

(1.78) *
(0.95)

Still a
Problem -
Merger

(0.60) **
(0.22)

(0.01)
(0.16)

(0.76) ***
(0.15)

0.42 **
(0.17)

(0.02)
(0.13)

(0.02)
(0.03)

(0.09)
(0.08)

0.11
(0.12)

(1.34) *
(0.69)

Still a
Problem -
Failure

(0.99) **
(0.30)

(0.53) **
(0.22)

(1.24) ***
(0.20)

(1.40) **
(0.23)

(1.06) **+
(0.18)

(0.19) **
(0.04)

(0.38) **
(0.12)

(0.86) ***
(0.16)

(0.09)
(0.94)

Merger -
Failure

(1.59) **
(0.36)

(0.54) *
(0.26)

(2.00) ***
(0.24)

(0.97) ***
(0.27)

(1.08) ***
(0.21)

(0.21) **
(0.05)

(0.48) **
(0.13)

(0.76) **
(0.19)

(1.43)
(1.12)



Table 4
Selected Descriptive Statistics for Data in Logits
Mean, Standard Deviation, Minimum and
Maximum Values of Financial Ratios for each State

Still a
All Recover Merge Problem Fail
Number of Banks 3747 1326 228 2077 116
Capital
Tangible Equity Capital
Mean 6.42 6.68 6.57 6.39 3.90
Standard Deviation 3.12 2.54 3.42 3.37 2.76
Minimum -4.77 -0.10 -4.77 -1.26 -1.37
Maximum 63.10 38.34 34.52 63.10 15.79
Capital Injections:
From BHC
Mean 0.20 0.19 0.41 0.20 0.14
Standard Deviation 0.87 0.82 1.41 0.84 0.65
Minimum -1.07 -1.07 0.00 -0.93 -0.02
Maximum 12.87 9.98 12.87 8.97 4.74
Outside
Mean 0.36 0.36 0.29 0.29 0.42
Standard Deviation 1.38 1.46 1.52 1.25 2.24
Minimum -2.03 -1.89 -0.07 -2.03 -0.62
Maximum 25.16 15.98 15.98 25.16 18.38
Asset Quality
Past Due Loans (30 - 89 days)
Mean 2.24 1.88 2.12 2.43 3.08
Standard Deviation 1.58 1.38 1.84 1.60 1.95
Minimum 0.00 0.00 0.00 0.00 0.25
Maximum 18.66 12.41 18.66 13.96 9.59
Past Due Loans (90+ days)
Mean 0.79 0.59 0.65 0.92 1.17
Standard Deviation 1.39 0.81 0.81 1.66 1.82
Minimum 0.00 0.00 0.00 0.00 0.00
Maximum 44.66 10.25 6.22 44.66 14.42
Nonaccrual Loans and Leases
Mean 2.51 2.17 2.56 2.64 3.82
Standard Deviation 2.13 1.83 2.62 2.19 2.36
Minimum 0.00 0.00 0.00 0.00 0.05
Maximum 24.71 15.60 24.71 17.67 11.18
Other Real Estate Owned
Mean 2.36 2.00 1.88 2.60 3.19
Standard Deviation 2.55 2.13 1.97 2.79 2.63
Minimum -10.05 0.00 0.00 -10.05 -0.24
Maximum 20.20 18.61 10.99 20.20 12.48
Allowance for Loan Loss
Mean 1.74 1.69 1.97 1.72 2.11
Standard Deviation 1.13 1.08 2.01 1.03 0.95
Minimum 0.11 0.11 0.36 0.14 0.28
Maximum 26.45 19.82 26.45 14.13 5.63
Management
Efficiency Ratio
Mean 92.91 88.32 94.15 94.43 115.77
Standard Deviation 25.00 22.85 25.34 25.09 29.99
Minimum -30.64 -30.64 35.09 29.38 26.72
Maximum 198.71 193.89 195.03 198.71 194.40
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Table 4 (Continued)

Selected Descriptive Statistics for Data in Logits
Mean, Standard Deviation, Minimum and
Maximum Values of Financial Ratios for each State

Earnings

Total Interest Income
Mean
Standard Deviation
Minimum
Maximum

Total Non-interest income

Mean

Standard Deviation
Minimum
Maximum

Total Interest Expense
Mean
Standard Deviation
Minimum
Maximum

Loan-Loss Provision
Mean
Standard Deviation
Minimum
Maximum

Loan Charge-offs
Mean
Standard Deviation
Minimum
Maximum

Expenses on Premises
Mean
Standard Deviation
Minimum
Maximum

Salaries
Mean
Standard Deviation
Minimum
Maximum

Other non-int. exp
Mean
Standard Deviation
Minimum
Maximum

Liquidity

Volatile Liabilities
Mean
Standard Deviation
Minimum
Maximum

All

9.30
3.14
-0.01
64.32

1.45
2.31
-0.09
46.35

4.98
2.18
-0.68
17.01

1.72
2.43
-13.56
87.33

1.71
1.89
-6.32
47.20

0.75
0.46
-0.48
4.46

2.14
1.18
0.00
22.99

2.39
1.68
-3.03
32.70

14.28
9.85
0.00

90.19
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Recover

8.80
2.60
-0.01
33.69

1.41
2.18
-0.09
37.82

4.47
1.76
-0.68
14.74

1.35
1.72
-2.17
23.14

1.46
1.41
-0.49
19.12

0.68
0.40
-0.48
3.38

2.06
0.95
0.06
16.14

2.23
1.55
-3.03
22.46

13.26
9.51
0.00

86.08

Merge

8.99
4.63
5.24
64.32

1.44
1.84
0.00
16.34

4.51
2.25
1.25
15.42

2.23
6.07
-1.54
87.33

1.78
3.52
-6.32
47.20

0.75
0.44
0.00
2.79

2.08
0.99
0.00
9.17

2.54
2.43
0.45
32.70

13.62
11.08

0.00
90.19

Still a
Problem

9.59
3.14
0.97
32.78

1.45
2.38
-0.05
46.35

5.27
2.28
0.25
17.01

1.81
2.02
-13.56
24.55

1.80
1.86
0.00
24.12

0.77
0.47
-0.04
4.35

2.18
1.23
0.04
22.36

2.43
1.61
-0.41
25.38

14.96
9.90
0.00

89.43

Fail

10.58
4.11
4.47

26.25

1.98
3.20
0.18
30.51

6.51
2.95
0.95
16.57

3.21
2.69
-0.42
13.82

2.86
2.06
0.25
11.50

0.96
0.67
0.15
4.46

2.56
2.32
0.43
22.99

3.29
2.12
0.71
14.86

15.04
9.26
0.00

51.54



Table 5
Multinomial Logit Regressions of Determinants of Bank State: Recovery versus Failure

Explanatory Variables 1990 1991 1992 1993 93-94 93-95 93-96 93-97 94-98 95-99 96-00 97-01 98-02
Intercept

Constant -0.2388 10.6388 *** -2.0548 -2.8325 8.4024*  7.0800*  6.2905 6.0942 14.2305 -2.8352 3.9788 1.0819 -0.6638
Capital

Tangible Equity for PCA 0.7743 *** 1.0350 ** (0.7071 *** -0.1248 -0.1827 -0.0345 -0.0198 -0.0262 1.4338 0.2043 -0.0802 -0.0156 -0.0120
BHC Capital Injections 2.0621 -0.3816 0.6065 0.5490 0.4402 0.3137 0.3806 0.3978 -3.1364 -0.6126 -0.3481 -0.6839 *  -0.6238
External Capital Injections 0.0021 0.1636 5.1764 *  0.8219 1.1397 1.5649 1.5940 1.6146 -0.9101 -0.3444 *  -0.2561 -0.2861 * -0.2477
Asset Quality

Loans Past Due 30 to 89 Days -0.4142 **  -0.4417 ** -0.2429 -0.8305 ** -0.4773 * -0.2567 -0.1913 -0.1730 0.5548 0.3001 0.5276 0.1184 0.0400
Loans Past Due 90 Days or More  -0.4630 *** -0.1805 -0.5600 -0.3232 -0.1968 -0.3677 * -0.4260 *** -0.4530 *** -1.0422 ** -0.5484 ** -0.3320 -0.1901 0.0021
Nonaccrual Loans and Leases -0.2163 **  -0.3689 *** -0.4007 ** -0.7762* -0.6210 *** -0.5803 *** -0.6002 *** -0.6283 *** -2.9354 ** -0.6012 ** -0.3506 -0.2224 -0.1628

Other Real Estate Owned -0.3847 *** .0.2984 *** (0.1820 0.3759 0.3007 0.2900 0.3299 0.3245 7.6096 *  0.6112 0.0660 -0.0690 -0.1354
Allowance for Loan Losses 0.3333 0.7585 *** 0.1987 2.5538 ** 0.9456 *  0.7284 0.7687*  0.7911* 4.1672 0.8971 1.0031 1.0392 0.9083
Management

Efficiency Ratio -0.0010 -0.0218 -0.0233 0.0277 -0.0398 -0.0406 -0.0328 -0.0341 -0.0417 0.0685 0.0308 0.0411 0.0498
Earnings

Total Interest Income 1.0295 -0.9335 0.6710 2.3293 -0.3460 -0.3550 -0.1461 -0.1235 -3.0691 0.4429 0.4718 0.6600 1.0897
Total Non-interest Income 0.6360 -0.6387 0.3575 22171 *  0.4048 0.1514 0.2814 0.2917 -2.3035 0.7560 0.4635 0.5670 0.7607
Total Interest Expense -1.2585*  -0.0224 -0.6493 -1.2851 0.7541 0.3780 0.0680 0.0577 -0.7468 -0.9387 -1.0633 -1.3890 *  -1.6172
Loan-loss Provision -0.7479 *** -0.6765 *** -0.1868 -1.2186 *  -0.9301 * -0.8185* -0.9011* -0.9159*  0.1979 -0.5587 -0.8741 -0.6199 -0.3175
Loan Chargeoffs 0.7248 ***  (0.6950 *** -0.4833 0.8751 0.6614 0.7422 0.7013*  0.6955*  1.5349 0.6323 0.6174 0.4337 0.2000
Expenses on Premises -0.3109 -0.3120 -2.5638 -1.7553 -0.6163 -0.9336 -1.0243 -0.9938 -2.3193 -2.3415 -2.7488 *  -3.4456 ** -3.7522
Salaries -1.4292 **  0.5001 0.9138 -1.6762 -0.0150 0.1143 -0.0836 -0.1369 7.9328 -0.6335 -0.3216 -0.3277 -0.2640
Other Non-interest Expense -0.3044 0.0733 -0.4493 -3.4496 **  -0.7108 -0.3225 -0.4617 -0.4250 -0.0248 -1.1180 -0.7435*  -0.7250 -1.2015
Liquidity

Volatile Liabilities -0.0130 0.0180 0.0191 -0.0726 -0.0456 -0.0072 0.0087 0.0117 -0.3340* -0.0723* -0.0434 -0.0387 -0.0349
Loans Plus Securities >=5yrs 0.0225 0.0033 0.0730 0.0743 0.0807 0.0792 0.0798 0.0856 0.0863 0.0708 0.0208 0.0473 0.0345
Log Likelihood -584.9 -662.5 -561.8 -328.8 -505.8 -597.7 -660.9 -708.4 -416.7 -339.3 -315.9 -348.5 -410.6
Number of Observations 866 897 713 413 607 717 781 843 495 377 341 375 428
Akaike Information Criteria 1289.8 1445.0 1243.6 777.6 1131.6 1315.4 1441.8 1536.8 953.4 798.5 751.7 816.9 941.3

Significance at 1%, 5% and 10% levels are indicated by ***, ** and * asterisks, repectively.



Table 6

Multinomial Logit Regressions of Determinants of Bank State: Merger versus Failure

Explanatory Variables 1990
11Lel LCHI.

Constant -4.4684
Capital

Tangible Equity for PCA 0.5301 **
BHC Capital Injections 2.1647
External Capital Injections -0.9151
Asset Quality

Loans Past Due 30 to 89 Days -0.6823 ***
Loans Past Due 90 Days or More ~ -0.3236
Nonaccrual Loans and Leases -0.2397
Other Real Estate Owned -0.1902 *
Allowance for Loan Losses 0.3356
Management

Efficiency Ratio 0.0094
Earnings

Total Interest Income 1.1992
Total Non-interest Income 0.7799
Total Interest Expense -0.9474
Loan-loss Provision 0.1164
Loan Chargeoffs -0.0145
Expenses on Premises -0.8320
Salaries 17712 %
Other Non-interest Expense -0.2371 *
Liguidity

Volatile Liabilities -0.0085
Loans Plus Securities >=5yrs 0.0159
Log Likelihood -584.9
Number of Observations 866
Akaike Information Criteria 1289.8

1991

9.6836 *

0.8500 ***
-0.1048
-0.0810

-0.4077 *
-0.0706
-0.4158 ***
-0.4054
0.8715 **

-0.0345

-1.5633 **
-1.4107 *
0.7870
-0.1086
0.0398
1.1644
1.4012 *
0.6104 *

-0.0177
0.0091
-662.5
897
1445.0

1992

-7.5929

0.7454 ***
0.3075
5.0893 *

-0.2239
-0.5440
-0.3294 *

0.2594
0.3666

-0.0171

0.5040
0.2819

-0.4657

0.0177 ***

-0.7365 **
-1.5325

0.8435

-0.0030 **

0.0025
0.0927 *
-561.8
713
1243.6

Estimation Period (Years)

1993

-5.191

-0.0461
1.0384
0.8027

-0.8464 **
-0.1931
-0.7045
0.3367
2.6342 *

0.0437

2.2421
2.5038 **
-0.8863
-1.0359
0.8755
-1.7446
-1.5131
-4.1409

-0.1507 *
0.0593
-328.8
413
7716

93-94

4.203

-0.1382
0.7004
0.9729

-0.4781 =
-0.2134
-0.6407 **
0.3322
1.2752 *

-0.0179

-0.1898
0.5521
0.7604

-0.6691
0.3109

-0.2103

-0.0220

-1.3090

-0.1159
0.0729
-505.8
607
1131.6

93-95

4.6942

-0.0093
0.5830
1.3522

-0.1863
-0.5354 **
*-0.5988 ***
0.2715
0.9467 **

-0.0297

-0.5105
0.1408
0.6581

-0.5882
0.3865

-0.4991
0.2606

-0.4806

-0.0679
0.0791
-597.7
717
13154

93-96

4.5547

-0.0002

0.5993
1.3519

-0.2035
-0.5049 =
-0.6019 ***

0.3054
0.9844 *

-0.0320

-0.3677

0.1259
0.4352

-0.6731 =

0.3321

-0.4863

0.1441

-0.4177

-0.0431

0.0805
-660.9

781
1441.8

93-97

4.7692

-0.0191
0.5579
1.3907

-0.1915
-0.5198 **
-0.6018 ***
0.3055
0.9958 *

-0.0379

-0.3640
0.0759
0.4075

-0.7569 **
0.3975

-0.3517
0.1638

-0.3441

-0.0379
0.0855 *
-708.4

843
1536.8

94-98

11.3291

1.4089
-3.1430
-1.6622 *

0.6182
-0.9865 **
-2.9516 **

7.6746 **

43713

-0.0522

-3.3443
-2.6277
-0.3228
0.2790
1.0550
-1.2111
8.1622
0.2520

-0.3553 **
0.1157
-416.7

495
953.4

95-99 96-00 97-01
-5.1144 0.9346 -0.6199
0.2249  -0.0238 -0.0080
-0.8561 -0.5000 -0.7831 *
-1.2036 * -0.5297 *  -0.4764 *
0.3477 0.5696 0.2731
-0.3893 *  -0.2086 -0.1001
-0.4764* -0.1760 -0.0955
0.5882 0.0078 -0.0945
0.5819 0.7722 0.8808
0.0580 0.0218 0.0396
0.2597 0.5499 0.6946
0.6042 0.4134 0.6291
-0.5881 -0.7982 -1.1075
-0.6447 -0.7495 -0.5020
0.7349 0.5245 0.3932
-1.3686 -1.4539 -2.0358
-0.6658 -0.5979 -0.7600
-0.8389 -0.6434 -0.8411
-0.0813 *  -0.0253 -0.0431
0.0861 0.0125 0.0277
-339.3 -315.9 -348.5
377 341 375
798.5 7517 816.9

98-02

-1.9189

-0.0014
-0.5443
-0.4560

0.2128
0.0566

-0.1115
-0.1525

0.8598

0.0435

0.9715
0.6470

-1.3550
-0.2115

0.1833

-2.7002
-0.4629
-1.0175

-0.0287

0.0228
-410.6
428
941.3

Significance at 1%, 5% and 10% levels are indicated by ***, ** and * asterisks, repectively.



Table 7
Multinomial Logit Regressions of Determinants of Bank State: Still a Problem versus Failure
Estimation Period (Years)

Explanatory Variables 1990 1991 1992 1993 93-94 93-95 93-96 93-97 94-98 95-99 96-00 97-01 98-02
Intercept

Constant -1.7037 9.8229 ** 57298 -8.1433 3.4994 1.9090 2.3718 2.9545 11.8183 -4.7010 2.4569 -0.1438 -1.3300
Capital

Tangible Equity for PCA 0.6653 0.9255 0.6366 -0.0180 -0.1213 0.0157 0.0210 0.0161 1.4656 0.2476 0.0092 0.0247 0.0209
BHC Capital Injections 1.8868 -0.2906 0.5581 0.8628 0.4019 0.2479 0.2982 0.3084 -3.3388 -0.8366 -0.3956 -0.6834 -0.6538 *
External Capital Injections -0.2729 0.1045 5.0410 **  0.4656 0.9132 1.4138 1.4588 1.4872 -0.9185 -0.3014 -0.1564 -0.1621 -0.1645
Asset Quality

Loans Past Due 30 to 89 Days -0.1508 * -0.1852 * -0.0386 -0.6301 -0.2901 -0.0618 -0.0480 -0.0389 0.6652 * 0.3108 0.5140 0.1504 0.1100
Loans Past Due 90 Days or More -0.1451 -0.0449 -0.2691 -0.1211 0.0590 -0.0202 -0.0798 -0.0852 -0.6682 -0.2518 -0.1519 -0.0492 0.0091
Nonaccrual Loans and Leases -0.0503 -0.0609 -0.2043 -0.5441 04911 ¥+ 04661 ** 05049 **  .0.5101 ¥+ -2.9075** -0.5721 -0.3620 -0.2440 -0.2381
Other Real Estate Owned -0.1520 * -0.0992 0.3269 0.5932 0.5444 * 0.5269 * 0.5422 **  * 7.8727 0.7603 0.1889 0.0840 -0.0439
Allowance for Loan Losses 0.2190 0.4678 *  -0.1398 2.0740 0.6592 0.3662 0.4775 0.4219 3.8584 0.5901 0.8449 0.7692 0.8030
Management

Efficiency Ratio -0.0094 -0.0479*  -0.0088 0.0608 -0.0183 -0.0160 -0.0218 -0.0298 -0.0504 0.0616 0.0153 0.0351 0.0417
Earnings

Total Interest Income 0.5102 -1.4084 ** 0.8538 2.3853 -0.2317 -0.2204 -0.1554 -0.2602 -3.279%4 0.3022 0.3374 0.6819 0.9719
Total Non-interest Income 0.0929 -1.6561 **  0.4092 2.3166 * 0.4836 0.2710 0.2199 0.1216 -2.5602 0.6202 0.2145 0.5437 0.6399
Total Interest Expense -0.4149 0.7310 -0.8402 -1.6448 0.4186 0.0461 -0.0415 0.0889 -0.4817 -0.5840 -0.6594 -1.1102 -1.3588
Loan-loss Provision -0.5443 * -0.2876 0.0509 -0.8631 -0.5969 -0.4833 -0.5775 % -0.5975 * 0.4569 -0.4709 -0.8459 -0.6286 -0.3183
Loan Chargeoffs 0.5898 * 0.2622 -0.6566 * 0.8309 * 0.5432 0.6234 0.5602 0.5720 1.3316 0.6531 0.6585 0.5533 0.3056
Expenses on Premises -0.0152 1.0657 -1.8408 -1.8289 -0.4222 -0.9661 -0.7504 -0.6864 -1.6630 -1.7840 -2.0767 -3.3064 *  -3.3969 **
Salaries -0.4521 1.5279 **  0.6316 -1.4041 0.2488 0.3225 0.2618 0.3786 8.4899 -0.3599 0.0343 -0.2674 -0.2008
Other Non-interest Expense 0.1244 0.8622*  -0.4144 -3.9178 *  -1.0867 * -0.6549 -0.5648 -0.4626 0.1029 -1.0150 -0.5520 -0.6832*  -0.9796
Liquidity

Volatile Liabilities -0.0006 0.0166 0.0404 -0.0821 -0.0456 -0.0061 0.0126 0.0192 -0.3160 *  -0.0456 -0.0169 -0.0090 -0.0073
Loans Plus Securities >=5yrs 0.0273 0.0089 0.0877 *  0.0966 0.1024 * 0.1027 ** 0.0997 ** 0.1050 *  0.1040 0.0777 0.0213 0.0394 0.0348
Log Likelihood -584.9 -662.5 -561.8 -328.8 -505.8 -597.7 -660.9 -708.4 -416.7 -339.3 -315.9 -348.5 -410.6
Number of Observations 866 897 713 413 607 717 781 843 495 377 341 375 428
Akaike Information Criteria 1289.8 1445.0 1243.6 7776 1131.6 1315.4 1441.8 1536.8 953.4 798.5 7517 816.9 941.3

Significance at 1%, 5% and 10% levels are indicated by ***, ** and * asterisks, repectively.
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Explanatory Variables

Intercept

Intercept: STATE=RECOVERED
Intercept: STATE=MERGER all
Intercept: STATE=STILL A PROBLEM

Capital
Tangible Equity for PCA

BHC Capital Injections

External Capital Injections

Asset Quality

Loans Past Due 30 to 89 Days
Loans Past Due 90 Days or More
Nonaccrual Loans and Leases
Other Real Estate Owned
Allowance for Loan Losses

Management

Efficiency Ratio

Earnings

Total Interest Income

Total Non-interest Income
Total Interest Expense
Loan-loss Provision

Loan Chargeoffs

Expenses on Premises
Salaries

Other Non-interest Expense
Liquidity

Volatile Liabilities

Loans Plus Securities >=5yrs
Model Log Likelihood
Number of Observations
Akaike Information Criteria

1990

0.0481
0.2564
5.3623 ***

0.1740 ***
0.2719 =
0.2105 **

-0.1927 ***
-0.2090 **
-0.1127 **
-0.2063 ***
0.1131

0.0022

0.5153 **
0.4625 **
-0.6772 ***

-0.1644 *
0.1003
0.0134
-1.0197 *+*
-0.2900

-0.0128
-0.0057
-585.7
806
1215.4

1991

1.9113*
2.1951 **
7.0034 ***

0.1361 ***
0.0182
0.0286

-0.2061 ***
-0.1297

-0.2020 ***
-0.1728 ***
0.2951 ***

0.0048

0.1112
0.4029 **
-0.4136 **
-0.3001 ***
0.2802 ***
-0.7424 **
-0.4242 *
-0.3310 *

0.0069
-0.0065
-696.5
858
1437.0

1992

3.2219 ***
3.4735 ***
8.0702 ***

0.1195 ***
0.0562
0.1872 *

-0.1678 ***
-0.2803 ***
-0.1909 ***
-0.0835 **
0.3052 ***

-0.0252 ***

-0.3279 *
-0.2595
0.3215
-0.2152 **
0.0834
-0.4233
0.4637 *
0.2238

-0.0204 **
-0.0048
-569.3
675
1182.5

1993

2.3928 *
2.8237 **
7.5049 ***

-0.0814 **
-0.1558
0.2816 ***

-0.1819 ***
-0.0913 *

-0.1783 ***
-0.1585 ***
0.4028 ***

-0.0153

0.1452
0.0955
0.0969
-0.3416 ***
0.0604
-0.2339
-0.2783
0.0453

0.0137
-0.0109
-333.6
379
7113

Table 8
Ordered Logit Regression of Determinants of Problem Bank State
(Estimation Period — Years)

93-94

2.7569 **
3.1982 **
7.7847 ***

-0.0769 **
-0.1637
0.2503 ***

-0.1982 ***
-0.0999 **
-0.1653 ***
-0.1676 ***
0.3555 ***

-0.0139

0.0476
0.0808
0.1524
-0.3078 ***
0.0845
-0.2282
-0.2984
0.0882

0.0150
-0.0107
-395.8
446
835.6

93-95

2.5664 **
3.0066 **
7.6961 ***

-0.0711 *
-0.1455
0.1782 **

-0.2123 ***
-0.1201 ***
-0.1587 ***
-0.1436 ***
0.3918 ***

-0.0138

0.0950
0.1163
0.0887
-0.3072 ***
0.0936
-0.1092
-0.3177
-0.0001

0.0137
-0.0111
-423.9
477
891.9

93-96

2.6264 **
3.0679 *
7.7769 ***

-0.0673 *
-0.1548
0.1788 **

-0.2103 ***
-0.1244 ***
-0.1604 ***
-0.1478 ***
0.3936 ***

-0.0138

0.0737
0.1091
0.1181
-0.2889 ***
0.0982
-0.0799
-0.3027
-0.0014

0.0081
-0.0115
-440.9
494
925.9

93-97

2.4432 *
2.8610 **
7.6359 ***

-0.0649 *
-0.1580
0.1806 **

-0.1978 ***
-0.1337

-0.1654 ***
-0.1540 ***
0.4106 ***

-0.0120

0.1401
0.1623
0.0202
-0.2948 ***
0.1098
-0.1603
-0.3914 *
-0.0237

0.0032
-0.0104
-461.0
524
966.0

94-98

2.6558 **
3.1387 **
7.8407 ***

-0.0245
0.0785
-0.0261 **

-0.1112 *
-0.1006 **
-0.1028 *
-0.1419 **
0.1268

0.0077

0.0893
0.1650
-0.2024
-0.1644
0.3292
-1.0759 **
-0.3201
-0.1073

-0.0242 *
-0.0176
-296.7
321
637.3

95-99 96-00
3.3525 ** 1.8021
3.7754 ** 2.2057
8.5826 ** 6.4634 ***

-0.0107  -0.0471
0.1263  -0.0986
-0.0537  -0.1384 *
0.0090  0.0815
-0.2756 ** -0.2312 ***
-0.0776  -0.0932
-0.0576  -0.0616
0.2257  0.2235
-0.0015  0.0128
0.0853  0.0547
0.0647  0.2063
-0.2019 -0.3823 *
0.0855 -0.1237
-0.1218  0.0600
-0.3305 -1.1359 *
-0.1874  -0.2114
-0.0912  -0.1149

-0.0542 ** -0.0424 ***

-0.0244 * 0.0006
-229.5 -211.4
252 226
503.1 466.8

97-01

1.0402
1.5097
5.8837 ***

-0.0082
-0.1799
-0.1944 **

-0.0179
-0.2523 ***
-0.0697
-0.0319

0.3306 **

0.0011

-0.0220
-0.0451
-0.3542 **
-0.0293
-0.1025
-0.3957

0.0479
0.1007

-0.0378 ***

0.0123
-248.6
261
541.2

Significance at 1%, 5% and 10% levels are indicated by ***, ** and * asterisks, repectively.
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98-02

-0.4470
0.0679
4.5199

-0.0117
-0.1838
-0.1421

-0.0189
0.0250
0.0273

-0.0683
0.0910

0.0013

0.1885
0.0513
-0.4517
0.0036
-0.1861
-0.4184
0.0377
-0.0882

-0.0294
0.0150
-285.70
291
615.4



Table 9
Means Ratio - 1990
(Percent of assets)

Variable | Sign
Capital
Tangible Equity Capital 5.3409
Capital Injections:
From BHC 0.1399
Outside 0.1888
Asset Quality
Past Due Loans (30-89 days) 2.2262
Past Due Loans (90+ days) 0.7964
Non-accruing Loans 2.6136
Other Real Estate Owned 2.6808
Loan Charge-offs 1.6613
Allowance for Loan Loss 1.7465
Management
Efficiency Ratio 93.5429
Earnings
Interest Income 9.6398
Net Interest Margin
Non-interest income 1.2205
Interest Expense 5.8164
Loss Provision 1.6035
Salaries 1.9194
Exp. Premises 0.6952
Other non-int. exp. 2.0764
Liguidity
Volatile Liabilities 14.4676
Loans and Sec. > 5 years 65.1021




Recovery

Merger

Remain a problem bank
Failure

Table 20
Effects of One-Percentage Point Change
In Selected Variables

Increase in Other
Real Estate Owned
At Mean to 3.6808%

=16.41% 13.45%
= 182 1.81
= 80.82 83.60
= 0.95 1.14
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Increase in
Capital to
6.3409%

18.08%
1.57

79.87
0.48



